Using data from a 40-year longitudinal study, the authors examined 3 related hypotheses about the effects of grade skipping on future educational and occupational outcomes in science, technology, engineering, and mathematics (STEM). From a combined sample of 3,467 mathematically precocious students (top 1%), a combination of exact and propensity score matching was used to create balanced comparison groups of 363 grade skippers and 657 matched controls. Results suggest that grade skippers (a) were more likely to pursue advanced degrees in STEM and author peer-reviewed publications in STEM, (b) earned their degrees and authored their 1st publication earlier, and (c) accrued more total citations and highly cited publications by age 50 years. These patterns were consistent among male participants but less so among female participants (who had a greater tendency to pursue advanced degrees in medicine or law). Findings suggest that grade skipping may enhance STEM accomplishments among the mathematically talented.
Grade-based acceleration, or grade skipping, is an educational intervention targeted at intellectually precocious students with the goal of allowing such students to experience more developmentally appropriate content by skipping over what they already know or can easily and rapidly assimilate (Colangelo, Assouline, & Lupkowski-Shoplik, 2004; Stanley, 2000) . Empirical research on the short-term effects of specific forms of grade-based acceleration, such as early entrance to kindergarten and early entrance to college, has been supportive (Kulik & Kulik, 1984; Rogers, 2007; Stanley, 1973; Swiatek & Benbow, 1991) . On the other hand, much less is known about its long-term effects (e.g., 20 years later).
Despite the scarcity of empirical studies, interest in long-term effects of acceleration, broadly defined, and grade skipping in particular has a long history, spiking in successive postwar periods in the early and mid-20th century (Hobbs, 1951; Paterson, 1957; Seashore, 1922; Super & Bachrach, 1957) . A recurring idea is that many intellectually talented students could benefit from increasing the rate at which they move through the educational system, and in turn, the arts, sciences, and technological fields could reap benefits as well (Pressey, 1955; Terman, 1954) . Pressey (1946b) argued that grade-based acceleration had the potential to save valuable time during a critical period in a precocious individual's development and offered a theory of how acceleration may increase overall career productivity. Individuals, Pressey (1946b) suggested, have a "prime" in early adulthood during which the probability of illness and death are at a low level, and positive attributes such as strength, quickness of body and mind, and vigor of interests are at their peak.
1 During this critical period, those students pursuing advanced training in scientific and technical fields are often bogged down in training rather than actively producing, and this may "curtail maximum fruitfulness of a professional career" (Pressey, 1946a, p. 324) . Likewise, Terman (1954) stressed the need to capitalize on this developmental prime by training those with high potential "before too many of his most creative years have been passed" (Terman, 1954, p. 226) . It was reasoned that if the brightest students could advance more quickly through the educational system, they would lose little, if anything, but potentially gain intellectual development, interpersonal maturity, and, most importantly, time. This could lead to higher levels of career productivity and creative accomplishments.
We refer to this theory as the time-saving theory (Pressey, 1946b) . According to this theory, grade-based acceleration can directly affect a precocious individual's career trajectory in two ways: by increasing the likelihood that they pursue advanced degrees and training and by allowing them to finish this training earlier. First, if precocious individuals finish high school and undergraduate programs earlier than usual, they will be more likely to reinvest this time in themselves through additional education and training. Second, those who do reinvest this time will finish developing expertise earlier than their retained (nonskipping) peers, and this will allow an earlier career onset. The relationship between age at career onset and adult productivity, particularly in science, technology, engineering, and mathematics (STEM) fields, has been the focus of several researchers throughout the last century (Dennis, 1956; Lehman, 1946 Lehman, , 1953 Simonton, 1988 Simonton, , 1997 Zuckerman, 1977) , and a consistent finding is that earlier career onset is related to greater productivity and accomplishments over the course of a career. All other things being equal, an earlier career start from acceleration will allow an individual to devote more time in early adulthood to creative production, and this will result in an increased level of accomplishment over the course of one's career.
Within the last decade, the rapid increase in globalization led to a resurgence of interest in boosting productivity and enhancing national competitiveness, most notably in the fields of science, technology, engineering, and mathematics (STEM; e.g., Domestic Policy Council & Office of Science and Technology Policy, 2006; Friedman, 2005; National Science Board, 2010a) . Scientific and technological innovation are recognized drivers of national economic growth and quality of life improvement, and the identification and development of STEM talent is a regional and national concern. The time-saving theory suggests that the increased application of grade-based acceleration may be one means of addressing this issue. However, the compelling data to support this theory empirically have been scarce for several reasons. First, research on long-term effects on career productivity requires longitudinal data spanning several decades. Second, methodological issues common to educational research, such as selection bias or imbalance, compromise causal inferences about effects even when longitudinal data are available. Third, studies of the long-term effects of grade skipping on rare STEM outcomes require a substantial number of participants for statistical stability.
The current study manages each of these issues, using data from a 40-year longitudinal study. A combination of exact and propensity score matching was used to reduce the imbalance between grade skipping and nonskipping participants on several important baseline measures. In addition, mathematical talent is a wellknown indicator of subsequent STEM accomplishments (Benbow, 1992; National Science Board, 2010a; Super & Bachrach, 1957; Wai, Lubinski, & Benbow, 2009) , so, accordingly, we use a large sample of mathematically precocious adolescents.
Before proceeding to the particulars of this study, some considerations from developmental theory are in order because they suggest that we might anticipate sex differences when real-world criteria are employed as outcomes specifically indicative of STEM accomplishments. It has been observed that while mathematically precocious male and female students earn advanced educational credentials at commensurate rates , they tend to do so in different disciplines. Mathematically precocious female students are more likely to earn advanced degrees in the life and social sciences than are male students, whereas the inverse is true for engineering and the inorganic sciences. There is an appreciable amount of evidence to suggest that sex differences in lifestyle preferences and, in particular, for people versus things or organic versus inorganic disciplines plays a major role in structuring these differential outcomes (Ceci & Williams, 2007; Ferriman, Lubinski, & Benbow, 2009; Geary, 2005; Halpern et al., 2007; Schmidt, 2011; Su, Rounds, & Anderson, 2009 ). Therefore, while we do not anticipate sex differences in earning advanced educational credentials among participants, we do anticipate sex differences on some of the criteria utilized for STEM accomplishments: STEM graduate degrees, STEM patents, and STEM publications.
The Present Study
Three key hypotheses drawn from the time-saving theory were examined. Using data from an observational study of mathematically precocious adolescents tracked longitudinally over 3 decades, the study aims to determine whether those who were grade-based accelerated, or grade skipped, after identification at or before age 13 years (a) were more likely to pursue and earn advanced educational degrees and accomplishments in STEM fields, (b) reached these outcomes earlier than their nonaccelerated, intellectual peers, and (c) were more productive than nonaccelerates when assessed at midcareer. We focus on grade skipping postidentification to allow for matching on covariates measured at initial identification. Any grade skipping prior to identification is treated as a covariate to be matched, as described below.
Two additional design features were used to improve inferences about the long-term effects of grade skipping on STEM outcomes. First, we restricted the sample to those identified as mathematically precocious (top 1%) in early adolescence, which has considerable advantages when investigating the development of career productivity of those in STEM fields. A consistent relationship between mathematical or quantitative abilities and interest and accomplishments in STEM domains has been demonstrated in nationally representative samples (Flanagan et al., 1962; Lubinski, 2010; Wai et al., 2009) and in samples of mathematically precocious individuals (Kell, Lubinski, & Benbow, in press; Lubinski, Webb, Morelock, & Benbow, 2001; Park, Lubinski, & Benbow, 2007 , 2008 Wai, Lubinski, & Benbow, 2005) . Many of the regional and national indicators of STEM activity (National Science Board, 2010b) , such as the number of STEM graduate degrees, peer-reviewed publications, and patents, require large samples for stable results given the low base rate of these indicators in the population. Second, we used matching to create balanced comparison groups prior to statistical analyses. Several promising new matching methods have been proposed recently (e.g., Diamond & Sekhon, in press; Iacus, King, & Porro, 2012; Ho, Imai, King, & Stuart, 2007; Imai, King, & Stuart, 2008; Sekhon, 2007 Sekhon, , 2009 ), but we combine two popular, longstanding methods, exact and propensity score matching, to create matched samples.
The matching procedure significantly reduces the imbalance between the grade skippers and the resulting control group, allowing estimation of the average effect of the treatment on the treated, or the average effect of grade skipping among those who grade skipped in the following ways. First, we used logistic regression to adjust further for covariates and ultimately to estimate the effect on the likelihood of earning five indicators of STEM educational or occupational achievement, in the form of incidence or "risk" ratios. Second, we use methods from survival analysis (Harrell, 2001; Kaplan & Meier, 1958; Singer & Willett, 2003) to determine whether grade-skippers reach four educational and occupational accomplishments in young adulthood earlier than their matched and retained intellectual peers. Finally, using the subset of participants who authored STEM publications or earned patents, we compare the citation records and productivity indices of the grade skippers and matched controls to test the hypothesis that grade skipping engenders long-term, cumulative effects.
Method Sample
Participants were drawn from the first three cohorts of the Study of Mathematically Precocious Youth (SMPY), a planned 50-year longitudinal study of intellectual talent . Each cohort was identified during the intervals 1972-1974, 1976 -1979, and 1980 -1983 and referred to as the 1972 cohort, 1976 cohort, and 1980 cohort, respectively . Participants in every cohort were identified at or before age 13 years by scores on subtests of the College Board Scholastic Assessment Test (SAT), and each cohort had different but overlapping selection criteria. In the present study, we only included participants from each cohort who scored at or above 390 on the math subtest of the SAT (the SAT Math), which is approximately the lower bound of the top 1% of scores for that age group. Although there is substantial overlap in the entry criteria and the variables measured at the initial assessment for all cohorts, different subsets of background variables were assessed at the initial identification of each cohort.
The 1972 cohort includes 2,188 participants (96% Caucasian, 2% Asian, 2% other) who earned a score of at least 390 on the math subtest of the SAT (the SAT Math) or a 370 on the verbal subtest (the SAT Verbal) by age 13 years. Cut scores denoted the top 1% of this age group, and almost all participants scored beyond these cutoffs. This cohort was drawn primarily from the state of Maryland, with most from the Baltimore-Washington area.
The 1976 cohort includes 778 participants (89% Caucasian, 6% Asian, 5% other) scoring at least 500 on the SAT Math or 430 on the SAT Verbal before age 13 years, the lower bounds of scores of the top 0.5% of this age group. This cohort was drawn primarily from the mid-Atlantic states.
The 1980 cohort includes 501 participants (65% Caucasian, 17% Asian, 1% African American, 1% other, 16% did not disclose) scoring at least 700 on the SAT Math subtest or 630 on the SAT Verbal subtest at or before age 13 years, the lower bounds of scores of the top 0.01% of this age group. This cohort was drawn from talent searches throughout the United States.
After initial identification at or before age 13 years, participants were followed up at ages 18, 23, and 33 years through phone, mail, and Internet surveys (Benbow, Lubinski, Shea, & EftekhariSanjani, 2000; Lubinski, Benbow, Webb, & Bleske-Rechek, 2006) . In addition, all participants were followed up with searches of public Internet databases such as the ProQuest Dissertations and Theses database (http://proquest.umi.com), Google Scholar (http:// www.google.com/scholar), and Google Patents (http://www. google.com/patents).
Baseline Measures
At the time of identification, participants completed questionnaires about their academic preferences, perceived ability, number of siblings, and their parents' education and occupations, and these measures were used in the matching process. Several identical items were presented to participants in every cohort, and many typical items are listed in Appendix Table A1 . Because every baseline measurement was assessed at the initial participant identification and the grade skipping treatment of interest always took place after identification, all baseline measurements in this study are "pretreatment."
1972 cohort. Appendix Table B1 
Missing Data
Some items were introduced after the beginning of the initial assessment procedure, resulting in missing values on these variables for some participants. This problem is mostly confined to the subject matter preference variables in 1972 cohort, and very few observations are missing in the two later cohorts. Missing values were multiply imputed using the Amelia II package in R (Honaker, King, & Blackwell, 2007; Horton & Kleinman, 2007; King, Honaker, Joseph, & Scheve, 2001; Rubin, 2004) . Parameter estimates, such as regression coefficients or incidence ratios, are estimated in each dataset and then averaged across datasets to derive point estimates for each parameter using the Zelig package in R (Imai, King, & Lau, 2007 ).
In the current study, variables with missing values were used to estimate individual propensity scores, and these scores were in turn used to find well-matching control observations. Consequently, the multiple imputation procedure results in 10 different (but highly overlapping) matched control groups, one in each imputed dataset (Crowe, Lipkovich, & Wang, 2010; Qu & Lipkovich, 2009) .
3 All reported statistical summaries in the current analysis combine information from the 10 imputed datasets for each cohort. Means of the baseline measures in the control and grade skipping groups 3 The imputed control groups were highly similar in their propensity score distributions. To quantify this, we computed the percentage of overlap of the propensity score distributions for every pair of control groups within a cohort using the procedure suggested by Tilton (1937) 
Grade Skipping
At ages 18 and 23 years, participants responded to items in follow-up questionnaires concerning the different types of educational acceleration they experienced since the initial assessment. Based on these responses, it was possible to determine the number of grades skipped by each participant. Most participants in all three cohorts did not skip any grades during this period, and those who did skip tended to skip only one full grade. However, some participants did skip more than one grade. Rather than remove those participants, the number of grades skipped after assessment was coded as a dichotomous variable (0 reflecting no grades skipped and 1 for one or more grades skipped). Therefore, the resulting analysis tested directional hypotheses, comparing all grade skippers to the matched nonskippers, rather than estimating the effect of skipping exactly one grade. The total number of grades skipped prior to identification was recorded and used in the match procedure described below.
Additionally, the availability of other types of accelerative opportunities, apart from grade skipping, increased with each subsequent cohort. This was due both to the availability of additional methods of acceleration over time and to the increased level of ability across cohorts. Because most of these opportunities are experienced after identification, they are not included as covariates in the matching procedure.
Matching Procedure
We used a combination of exact and propensity score matching to improve balance between the grade skippers and the comparison group. Propensity score matching (Rosenbaum & Rubin, 1983) counters the multidimensionality of the covariate space by reducing any individual unit's values on observed covariates to a single value between 0 and 1, also known as the propensity score. This score is often interpreted as the probability for receiving treatment, but it can also just stand as a useful summary of an individual's observed values on relevant covariates. We estimate individual propensity scores using logistic regression, predicting grade skipping from the available covariates in each of the three cohorts under analysis in this study. Treated units are then matched with control units based on the propensity score, most commonly using nearest-neighbor matching. This repeats until all treatment units are matched with one control unit, and the process can be repeated, matching additional control units to each treated unit to increase efficiency.
Exact matching matches those treated (in this case, the grade skippers) and control units with exactly the same covariate values. This is highly effective when only one or two covariates are of interest, but exact matching quickly becomes infeasible when the number of covariates grows larger with a finite sample size.
To combine exact and propensity score matching, we first identified two covariates considered to be critical to the outcomes of interest in the following analyses: sex and the number of grades previously skipped before identification by the study. These two covariates are used in the exact matching step of the procedure.
The remaining observed covariates varied slightly among cohorts, but each included at least one measure of cognitive ability (SAT Math or SAT Verbal subtest scores at or before age 13) and measures of interest, academic class standing, and perceived importance of various academic subjects, as well as indicators of parental educational attainment and occupational status, number of siblings, and birth order. These covariates are used to estimate each participant's propensity score. After matching participants exactly on sex and number of previous grades skipped, matches were further improved by matching on the nearest neighbor as defined by the propensity score.
Matching was implemented using the MatchIt package in R (Ho, Imai, King, & Stuart, 2011) . Propensity scores were estimated with a logistic regression model, using the baseline covariates from each cohort as predictors. Each grade skipper was matched with the control participant with the nearest propensity score (nearest-neighbor matching) who also exactly matched on sex and the number of previous grades skipped. In the 1972 and 1976 cohorts, which had larger sample sizes, we matched in a 2:1 (control to grade skipper) ratio, and used 1:1 matching in the 1980 cohort.
The usual goal of matching is to improve balance and overlap in the covariate distributions of comparison groups in a quasiexperimental study. Perfectly balanced comparison groups will have the same distribution and covariance structure across all covariates, and the severity of imbalance is the degree of departure from this ideal. Currently, no single measure of balance or imbalance is sufficient for assessing the quality of a matching procedure. Following the recommendations of Imai et al. (2008) and Ho et al. (2007) , we assessed balance and adjusted our propensity score model specification using a combination of visual aids (histograms and kernel density plots or empirical quantile-quantile plots of propensity scores and individual covariates) and standardized mean differences on relevant covariates, interactions, and squared terms at each iteration.
As a starting point for the propensity score model in each cohort, we used a simple additive model (including only main effects of each predictor) and assessed the resulting covariate balance after matching on the resulting propensity score. In each cohort, this simple model substantially improved balance such that all standardized mean differences among baseline covariates were smaller than 0.25 standard deviations. Next, we attempted to improve balance further within each cohort by respecifying the propensity score model (by removing predictors, adding squared terms, or adding interactions between predictors). These additional model modifications generally improved balance slightly (using standardized mean differences and visual aids as a guide) over the initial simple model, but improvements leveled off quickly. Model modifications stopped when balance was no longer improved across additional iterations. Figure 1 illustrates the propensity score distributions, before and after matching, from the final matching procedures in each cohort. Resulting means and mean differences on each baseline covariate are available in appendices (Appendix Tables B1, B2 , and B3; see Footnote 2). Results indicate full overlap and improved balance of the propensity score distributions after matching, and most importantly, observed mean differences on individual baseline covariates were substantially reduced. After matching, most of the standardized mean differences between the grade skippers and matched controls were smaller than .10, and all were smaller than .25, which has been suggested as the maximum allowed difference to grant the equivalence of randomization to a quasi-experimental or observational design (further adjustments were made using logistic regression, described below; Cochran, 1968; Ho et al., 2007; What Works Clearinghouse, 2009 ). In addition to propensity score matching, the exact matching constraints ensured that participants were matched exactly on sex and the number of previous grades skipped.
Of the 2,188 participants in the 1972 cohort, 179 (102 male, 77 female) participants were identified as skipping one or more grades, and these were matched with 358 control participants. Matching was most successful in this cohort, in terms of reducing overall mean and distributional imbalances in the observed covariates. The best compromise between sample size and covariate balance was found using a 2:1 (controls to grade skippers) ratio in the matched sample for this cohort. Compared to a 1:1 ratio, using a 2:1 ratio granted a much larger sample size with very little effect on overall balance. For example, using Tilton's (1937) procedure to quantify overlap, the propensity score distributions of the treatment and control groups had approximately 99% overlap using a 1:1 ratio but 97% overlap using a 2:1 ratio. In contrast, using a 3:1 ratio provided an even greater sample size but balance was much worse across most indicators (and overlap dropped to 92%).
From the 778 participants in the 1976 cohort, 116 (97 male, 19 female) participants were identified as skipping one or more grades, and these were matched with 231 control participants. As with the 1972 cohort, a 2:1 ratio was used in the final matched sample. One grade skipper could not be adequately matched with a second control participant, so the initial match for this one participant was duplicated, resulting in 231 matched controls instead of the expected 232.
From the 501 participants in the 1980 cohort, 68 (63 male, 5 female) participants were identified as skipping one or more grades, and these were matched with 68 control participants. To maintain acceptable balance in this cohort, a 1:1 ratio was used in the final matched sample. Still, grade skippers maintained a small average advantage in SAT Math and SAT Verbal scores (approximately .13 and .20 standard deviations, respectively). Nine grade skippers with very high propensity scores in this cohort did not have acceptable matches among the controls. To preserve overlap and balance, these nine grade skippers were dropped from the analysis.
Educational and Occupational Outcomes
Educational degrees. In the current study, only postundergraduate degrees are considered in comparisons (all participants earned undergraduate degrees). Participants in every cohort com- pleted follow-up surveys at age 33, and responses from these surveys were used to determine the educational degrees earned by participants. All participant names were entered into the ProQuest Interdisciplinary Dissertation and Thesis database (http://proquest .umi.com) to determine whether participants completed a dissertation or master's thesis. Any additional information available from participants' professional website or public curriculum vita or resume also was used to determine the educational degrees accumulated by each participant.
Degrees were coded as master's (MA. or MS), PhD, medical degree (MD or equivalent), or law degree (JD). In general, a participant is coded as earning a doctorate if he/she earned a PhD, MD, JD, or a combination of these. Master's and PhD degrees were coded as STEM degrees if they were in the following fields: physical sciences, biological sciences, computer science, engineering, or mathematics. STEM graduate degrees refer to either master's degrees or PhDs from STEM fields.
STEM publications and patents. Every participant name was entered as search terms into Google Scholar to determine whether they were listed as an author on any peer-reviewed publications in scientific journals in STEM fields or listed as an inventor on a granted patent. Matches were confirmed by comparing information from follow-up survey information to the author's or inventor's institutional affiliations. Once a match was confirmed, the total number of publications, patents, and the year of publication of each individual publication or patent were recorded.
Age at accomplishment. By combining birth date information with the month and year of graduation from degree programs or year of publication or granting of a patent, it is possible to estimate a participant's age at the time of reaching each outcome. If both month and year of graduation were available, the age of the participant at graduation was estimated as the number of days between the participant's date of birth and the first day of the month of the graduation year. If only the year of graduation was available, the modal month of observed graduation months was imputed (May). For publications and patents, only the year was available, and age of participant at publication is estimated as the number of days between the date of birth and the middle of the publication year (July 1st). All ages are then converted from days to years by dividing the days by 365.25.
Participant ages at the following four events are used in comparisons: age at graduation from doctoral degree program, age at graduation from STEM graduate degree program, age at publication of first peer-reviewed STEM publication, and age at granting of first patent.
Productivity and citation indices. If participants had at least one citation from a publication or patent, information from the number of publications, the individual citations from each publication, the age of each publication, the total number of citations, and the number of authors on each publication was used to calculate values on a number of common scientific productivity or citation indices. This information was collected using Publish or Perish (POP; Harzing, 2011) , software designed to enhance the use of search engines such as Google Scholar. For each participant, four indices were calculated based on their interpretability, robustness, and popularity: total accumulated citations, the h-index, the g-index, and the age-weighted citation rate.
The h-index (Hirsch, 2005) , arguably the most popular of all citation and productivity indices, reflects an individual researcher's productivity by combining information about the number of articles they have authored and the number of citations each of those articles has received. According to Hirsch's original definition, "A scientist has index h if h of his or her N p papers have at least h citations each and the other (N p Ϫ h) papers have no more than h citations each" (Hirsch, 2005, p. 1) . For example, an h-index of 6 means that an individual has published at least 6 articles each with at least 6 citations. This provides a stable metric that is unaffected by "one hit wonder" publications that might heavily skew a raw citation count and favors authors with a steady stream of high-impact articles (Harzing, 2008) . As an illustration, Hirsch noted that median h-index is 35 among Nobel prize winners and 46 among newly elected members of the National Academy of Sciences in physics and astronomy.
In order to give more weight to heavily cited publications, the g-index (Egghe, 2006) is the largest number such that an author's top g articles received together at least g 2 citations. For example, a g-index of 15 indicates that an author's top 15 most cited articles together have at least 15 2 or 225 citations, where an h-index of 15 indicates that an author's top 15 publications all have at least 15 citations each. Although it is very similar to the h-index, relaxing the h-index's constraints on distribution citations per article allows the g-index to be more sensitive to a skewed distribution of citations across an author's top publications.
The age-weighted citation rate (AWCR; Jin, 2007) reflects the annual rate of citations received by individual's entire body of work, adjusted for the age of each cited publication, calculated by taking the sum of total citations of every publication by an author after dividing the citations from each publication by that publication's age. For example, if an author published 10 articles in the same year, 5 years ago, and each article was cited 20 times, his/her corresponding AWCR would be (20/5)(10), or 40, as this author is cited approximately 40 times per year.
In addition, plotting medians and estimated confidence intervals for the aggregated productivity indices, we assess the difference in the location of the distributions of each index for grade skippers and matched controls using the Wilcoxon Rank Sum test (also known as the Mann-Whitney U test; Wilcoxon, 1945) . The Wilcoxon test is a nonparametric alternative to a more traditional two-sample t test and does not require any distributional assumptions, only the assumption of ordinal scaling.
Results

Educational and Occupational Outcomes
The first step of the analysis was to compare grade skippers and matched controls on the proportions in each group earning advanced educational degrees, STEM publications, and patents. Table 1 lists the percentage of participants in each cohort earning each outcome, as well as percentages pooling across all cohorts. In every comparison, in every cohort, a greater proportion of grade skippers earned doctoral degrees, STEM PhDs, STEM publications, and patents.
A useful summary for such comparisons is the incidence ratio, also known as the cumulative incidence ratio or risk ratio, 4 interpreted here as the ratio change in average "risk" or the probability of reaching these outcomes due to grade skipping among the grade skippers (Cummings, 2009; Greenland, 1987) . Adjusted incidence ratios, which are adjusted for other observed covariates, can be estimated using a logistic regression model, by comparing the average expected values for each participant as the grade skipping variable is changed from 0 to 1. The adjusted incidence ratios (adjusting for all of the background covariates available in each cohort) and 95% confidence intervals for each incidence ratio were estimated and plotted in Figure 2 . 5 In each cohort, the logistic regression model included the dichotomous grade skipping variable and every available baseline covariate as main effects. Using a combination of matching (as a preprocessing step) with a parametric model provides estimates that are "doubly robust" (Ho et al., 2007) . With the exception of exact matching, no matching algorithm provides perfect balance, and in the present study, small covariate imbalances remain after the initial matching step. Including these covariates in a parametric model after matching allows additional control without increasing variance substantially because the model is fit to highly balanced data. Additionally, fitting a parametric model to highly balanced data greatly reduces the influence of model specifications such that the effect estimates of the treatment variable are similar across many different model specifications. We use this two-step strategy to estimate incidence ratios within each cohort. We also calculate unadjusted summary incidence ratios across all cohorts and separately for male and female participants. It was not possible to use a second step of parametric modeling for these summary incidence ratios because each cohort had different sets of baseline covariates.
Each outcome has six corresponding estimated incidence ratios, each summarizing the average ratio change in probability in the grade skippers compared to the matched controls. For example, the first three incidence ratios for doctoral degrees are the covariateadjusted incidence ratios in the 1972, 1976, and 1980 cohorts, respectively. In addition, the next three incidence ratios for doctoral degrees are unadjusted incidence ratios, calculated for all male participants, all female participants, and for all participants across the three cohorts.
An incidence ratio of 1 indicates that there is no difference in the proportions of outcomes across groups. Incidence ratios above 1, or to the right of the dotted vertical line, indicate an increase in the proportion of grade skippers reaching a given outcome. With three exceptions, all point estimates of incidence ratios, in every comparison, is greater than 1. For most individual cohort estimates, 95% confidence intervals around these estimates include 1, indicating that many of the estimates are not statistically significant at the traditional ␣ ϭ .05 level. In addition, we summarize the effects across all cohorts, by pooling unadjusted incidence ratios across cohorts for male participants, female participants, and all participants.
Limiting the pooled comparisons only to male participants or female participants reveals an interesting pattern. Results indicate that male grade skippers incurred a much greater increase in the likelihood of earning these outcomes than the female grade skippers, particularly in the comparisons of STEM graduate degrees and STEM PhDs, where female grade skippers were actually less likely than female controls to earn these outcomes. On the other hand, female grade skippers were more likely than their matched controls to earn other doctorates in general. Table 2 shows the patterns of percentages of different doctoral degrees across male and female participants, grade skippers, and matched controls. The first three subtables show the patterns for each individual cohorts, and the bottom subtable shows the pooled percentages across all three cohorts. The combined percentages show that male grade skippers were much more likely than male controls to pursue STEM graduate degrees and, to a smaller extent, law degrees. Female grade skippers were slightly more likely than female controls to pursue law degrees and medical degrees. After breaking down each subgroup by sex and type of degree, sample sizes in each comparison and the magnitudes of most of the differences are small, but the goal of these comparisons is not to investigate interactions between sex and grade skipping. Rather, these comparisons help explain the seemingly negative effect of grade skipping on female participants based on the incidence ratios in Figure 2 . While female participants were less likely to pursue STEM PhDs than male participants, female participants tended to pursue medical degrees at a comparable level and law degrees to 4 Risk ratios are frequently used in epidemiological contexts to express the change in risk of disease, death, or some other undesirable outcome after exposure or treatment. However, in the current context, an increase in risk is desirable, as the outcomes of interest are accomplishments and generally positive. This led Wai et al. (2010) to use the term "gain ratio" in place of risk ratio when describing the increase in risk of a favorable outcome. We use the neutral terminology incidence ratio. Incidence ratio, cumulative incidence ratio, risk ratio, and gain ratio all have the same interpretation.
5 For those effect estimates with confidence intervals not containing 1, we performed sensitivity analyses to estimate the robustness of these effects to an unobserved covariate using the rbounds (Keele, 2010) package for R and the methodology proposed by Rosenbaum (2002) . For the observed statistically significant effects here, an unobserved covariate could increase the grade skippers' odds of assignment to the treatment group by 1.11-1.34 without changing our inferences. In other words, an unobserved predictor in the logistic regression model with a coefficient greater than .10 -.31 (depending on the size of the treatment effect) would be sufficient to explain the observed effects. a greater extent than the male participants did, and these differences were exaggerated among the grade skippers. This tendency, of course, has an impact on STEM publications and patents.
Age at Accomplishment
The next phase of the analysis compared grade skippers and matched controls on the age of occurrence of graduating from a doctoral degree program, graduating from a STEM PhD program, publishing the first STEM publication, and earning the patent. The time-saving theory predicts that grade skippers should reach all outcomes earlier than their matched controls. Table 3 lists median ages of reaching each outcome among those who did in each cohort and separately for all cohorts pooled together. Median ages are used because the distributions of ages for all outcomes were positively skewed. In the majority of individual comparisons, grade skippers reach the outcomes earlier, and in the pooled comparisons, grade skippers have a median age advantages ranging between .8 (patents) and 1.6 (STEM PhD graduation) years.
Of particular interest is the varying age advantage in authoring the first STEM publication across cohorts. In the 1972 cohort, grade skippers had their first publication at a median age of 25.2, compared to 28 in the matched controls, an advantage of almost 3 years. This advantage shrank to 1.7 years in the 1976 cohort and to .3 years in the 1980 cohort. While the median age of first STEM publication was approximately 25 for grade skippers in all cohorts, the median age for their matched controls steadily decreased across cohorts, and this trend resulted in a shrinking observed advantage.
To illustrate how these differences unfold over time, inverted Kaplan-Meier estimates of survivor functions (Kaplan & Meier, 1958; Singer & Willett, 2003) are shown in Figure 3 (pooled across the three cohorts) and in Appendix Figure C1 (for each individual cohort). Each panel shows the cumulative proportions, in each cohort, of grade skippers and matched controls reaching each outcome as they progress from age 20 years to age 45 years.
6
Median ages within each subgroup (as listed in Table 2 ) are denoted as vertical lines extending downward from each survivor function. To illustrate the variability in these medians, 95% con-6 To maintain consistency across figures, similar horizontal axes are used. However, the median age of the 1980 cohort participants is currently 42 years. Figure 2 . Estimated effect sizes, as incidence ratios, of grade skipping on five outcomes across three cohorts. Points indicate the point estimate of each incidence ratio, and horizontal lines indicate 95% confidence intervals. The vertical line at the incidence ratio of 1 indicates the point of no effect. Incidence ratios for the 1972, 1976, and 1980 cohorts are adjusted for observed covariates. Pooled incidence ratios of all cohorts, all male participants, and all female participants are calculated directly by pooling across each cohort. Note that the incidence ratio for female participants in the patents comparison was not estimated due to the lack of female participants with patents. STEM ϭ science, technology, engineering, and mathematics; PhD ϭ doctor of philosophy.
fidence intervals are constructed around each group median using the percentile bootstrap.
7 These intervals are drawn as horizontal line segments passing through the group medians.
Grade skippers tended to reach each outcome earlier, and the median ages of reaching outcomes also tended to decrease across cohorts, with the 1980 cohort reaching many of the outcomes earliest in their lives compared to the other two cohorts. Distributions of doctoral degree graduation and STEM PhD graduation tended to have the smallest variance, with most participants finishing in their mid-to late 20s and very few graduating after age 35 years. The ages of STEM publications and patents showed greater variability, with some participants authoring their first publications while still in their teenage years, but some authoring their first in their late 30s. Patents showed similar variation, shifted even later in life, perhaps reflecting the additional time required to develop a patentable idea.
As with the incidence ratio comparisons, cohorts are pooled in Figure 3 to summarize the findings across cohorts. Similarly, pooled comparisons of ages show consistent age advantages of about 1 year to 1.5 years for doctoral degrees, STEM PhDs, and STEM publications but not patents.
Adult Productivity at Midcareer
The time-saving theory predicts that the time saved from grade skipping, demonstrated in the previous step of the analysis, allows for greater productivity in the long run. Figure 4 shows the relationship between the age of first STEM publication and the total number of citations accrued by participants in all three cohorts. For consistency, horizontal axes are constant across cohorts, but the cohorts differ in their current ages. Total citation counts reflect the total citations received by participants at the time of the most recent measurement in early 2011, when the median ages of the cohorts were 50, 46, and 42. Citations counts followed an approximately log-normal distribution, with many participants having citation counts in the hundreds and a few in the thousands.
To depict trends within the clouds of points, a nonparametric locally weighted regression (loess; Cleveland, 1993; Cleveland & Devlin, 1988) line with a wide bandwidth was fit in each plot, shown in bold. Rather than use all the data and a least-squares estimate of the slope of a single line through it, a loess fit steps across the range of the data, finding the best fit for each portion of the data. To show the stability of these trends, each loess fit was complemented with 100 bootstrap replications, shown by the light grey lines. Each replication fit is created by sampling, with replacement, n observations from the original data with sample size n, and then fitting the line to that replicated data set. These replicated fits illustrate the robustness of the original fits (in bold) to individual observations. Plots in Figure 4 show the relationships between the age of a participant at the time of his or her first peer-reviewed STEM publication (x-axis) and his or her total citation count at midcareer (scaled logarithmically along the y-axis). The general negative trends in all three cohorts indicate that those with earlier first publications tended to have more citations in the long run. The most highly cited participants tended to be those who started 7 For each subgroup median, confidence intervals were constructed by sampling with replacement from the observed distribution of subgroup ages. For a subgroup with n participants reaching an outcome, n observations are randomly sampled, with replacement, from the observed distribution of that subgroup's n ages, and the median of this age is calculated and recorded. This process is repeated 1,000 times, resulting in 1,000 medians. The 95% confidence intervals are calculated using the values of the 2.5th and 97.5th percentiles of these 1,000 medians. publishing in their early 20s. Similar trends are seen if age at STEM PhD graduation is used on the x-axis in place of age of first publication.
As shown in Figure 3 , the grade skipping participants tended to earn STEM PhDs and author STEM publications earlier than their matched controls. Figure 4 shows that reaching these outcomes at an earlier age was associated to increased productivity, in the form of citations, over the course of participants' careers. The next step is to determine whether the grade skippers were indeed more productive than their matched controls at midcareer, based on similar indices. Figure 5 plots the differences in median values of four citation and productivity indices for grade skippers and matched cohorts in the 1972, 1976, and 1980 cohorts, respectively, with the left column displaying results from male and female participants and the right column restricting the comparison to male participants. Indices include age-weighted citation rate (ACWR) or estimated annual citation rate, the total number of accumulated citations, the h-index, and the g-index. Only participants with at least one citation can have valid measures on these indices, and many participants excluded from these comparisons had at least one publication but have never been cited.
Unlike the previous steps of this analysis, based on data that are unlikely to change as time passes, the citation and productivity indices are much like snapshots of a process that is continuing to unfold. Indices from the 1972, 1976, and 1980 cohorts were taken when participants were at the median ages of 50, 46, and 42 years, respectively, and these individuals were actively publishing in their respective fields. Because participants in each cohort were at different points in their careers, each cohort is plotted separately and no pooling was done across cohorts.
Inspection of Figure 5 shows a distinct advantage across all indices at age 50 years for the grade skippers. However, similar comparisons from the 1976 and 1980 cohorts are less clear. In the 1976 cohort, grade skippers and their matched controls are similar on most indices at age 46 years, with the matched controls slightly higher. In the 1980 cohort, taken at age 42 years, the opposite pattern is found, with the advantage returning to the grade skippers on most indices.
The grade skippers in the 1976 comparison contain a disproportionately high number of female STEM authors (20.0%) compared to the 1972 (0%) and 1980 (9.7%) cohorts. Moreover, male and female participants across all cohorts tended to have different patterns of publications and citations, with many female participants publishing earlier in their career and less as their career developed. Male participants tended to publish more consistently throughout their careers. To clarify the current comparisons, the right column of Figure 5 displays only male grade skippers and their matched controls. Restricting these comparisons to male participants reveals a pattern of increasing advantage among grade skippers that increases from age 42 years (1980 cohort) to age 46 years (1976 cohort) to age 50 years (1972 cohort) .
Two approaches were used to assess the uncertainty in the median differences. First, 95% confidence intervals around each median difference were estimated using a percentile bootstrap, Figure 5 . Median differences in productivity/citation indices, comparing grade skippers and matched controls in each cohort. Total citations refers to a participant's total number of citations accumulated from their own peer-reviewed publications and patents. The h-index and g-index are productivity indices based on a combination of a participant's published articles or patents and their respective patterns of citations. A participant with a higher h-index or g-index has authored highly cited articles or earned more highly cited patents than participants with lower values on these indices. The annual citation rate is an estimate of a participant's annual rate of citations, based on the age-weighted citation rate (AWCR). The dashed horizontal line in each plot indicates the point of no group difference. Ages, on the x-axis, refer to the median age of the respective cohort at the time of data collection in 2011. Only those participants with at least one citation are included. Confidence intervals around each median difference are estimated using a percentile bootstrap.
shown as the bands around each median difference in Figure 5 . Second, the Wilcoxon Rank Sum test was used to compare median values on each index between grade skippers to their matched controls. Tests were restricted to pairwise comparisons within cohorts for each index. No adjustments for multiple comparisons were made due to the dependent nature across the different indices. To complement the visual comparisons in Figure 5 , the ranges of p-values from the Wilcoxon Rank Sum tests of differences are reported. While p-values are not measures of effect size, they can be a useful guide for assessing the relative magnitude of the differences shown in the figure.
No differences between grade skippers and matched controls at age 42 years (the 1980 cohort), for either combined or male only comparisons, were different according to traditional standards of statistical significance (.99 Ͼ p Ͼ .82 for all eight comparisons). Differences at age 46 years (the 1976 cohort) were also small and insignificant when both male and female participants were included (.32 Ͼ p Ͼ .17).
Restricting the comparisons to only male participants increased the magnitude of these differences (.09 Ͼ p Ͼ .05). The largest differences between grade skippers and matched controls were observed at age 50 years (the 1972 cohort). Due to the low proportion of female participants in the original comparisons in this cohort, the magnitude of these differences from the male and female comparisons (.05 Ͼ p Ͼ .01) did not change much when the comparison was restricted to male participants (.04 Ͼ p Ͼ .01).
Discussion
Results from each phase of this study are supportive of key hypotheses of the time-saving theory (Pressey, 1946b) , suggesting that grade-based acceleration, appropriately applied with mathematically precocious adolescents (Benbow & Stanley, 1996; Stanley, 2000) , can have lasting effects on the productivity of those pursuing careers in STEM fields. The first phase, summarized by Figure 2 , reinforces past findings in the acceleration literature (e.g., Bleske-Rechek, Lubinski, & Benbow, 2004; Colangelo, Assouline, & Gross, 2004; Flesher & Pressey, 1955; Kulik & Kulik, 1984; Pressey, 1967; Swiatek & Benbow, 1991; Wai, Lubinski, Benbow, & Steiger, 2010) . As in these previous studies of grade-based acceleration, grade skippers were more likely to pursue advanced degrees and secure important career accomplishments related to success in STEM careers, such as STEM publications and patents. The current study not only replicates these findings, but it also strengthens them by revealing similar patterns of results under the much stricter methodological controls granted by the matching procedure.
Recent calls (National Science Board, 2010a) for increasing the STEM workforce and building STEM expertise have focused on both identification and development of national human capital. As shown in Table 1 , both the grade skippers and their matched controls earned highly sought achievements in STEM domains at rates several times higher than base expectations. This underscores identification of a population of exceptional promise for STEM accomplishment.
A key finding from the first phase is that although identification of mathematical talent is critical (Park et al., 2007 (Park et al., , 2008 , interventions based on this identification can enhance development among those with potential for STEM accomplishments. Based on test scores and their responses on background questionnaires at initial identification, the grade skippers were among the most talented and motivated participants. Matching allowed the identification of similarly talented and motivated participants, and these matched controls represent our best estimate of what the grade skippers would be like had they not grade skipped after identification. As shown in Table 1 , the matched controls did not flounder without grade skipping. In fact, they earned all of the same accomplishments at very high rates and are clearly at promise for STEM achievement, too. But it appears that a relatively simple intervention, such as grade skipping, can develop this pool of talent even further.
The study's second phase, which focused on the hypothesis that grade skippers would ultimately reach their first STEM accomplishments at earlier ages, extends the findings concerning the effect on age of accomplishments in past literature. Earlier research from SMPY (Stanley, 1973; Swiatek & Benbow, 1991) revealed that participants who skipped grades or entered college early indeed had a time-saving effect that was observable into their early 20s, and accelerated participants tended to finish undergraduate programs and enter graduate programs at an earlier age. At the time, however, participants were not yet old enough to determine whether this effect would last. Currently, virtually all participants in the first three cohorts of SMPY have entered and completed any attempted graduate degrees and are well into their careers, and the results in Figure 3 and Table 2 support the lasting effects of grade skipping. Grade skippers entered and finished their STEM graduate degrees earlier, and similar effects are found when criteria are broadened to include all doctorates and STEM publications.
The finding that grade skippers indeed reach milestones earlier than matched controls fills an existing gap between the educational acceleration literature (e.g., Flesher & Pressey, 1955; Pressey, 1949 Pressey, , 1967 Stanley, 1973; Swiatek & Benbow, 1991) and work on age and lifetime accomplishment (e.g., Dennis, 1956; Lehman, 1946 Lehman, , 1953 Simonton, 1988; Zuckerman, 1977) . Many researchers have found a consistent relationship between the age of first accomplishment and the volume of subsequent achievement, but this literature has been almost exclusively retrospective in nature, starting with a highly accomplished individual and working backward to determine the age of their first major accomplishment (Pressey, 1955) . Although these studies often lead to fascinating personal histories (Simonton, 1988) , age of accomplishment is always confounded with individual differences in ability, motivation, and opportunity. Figure 4 illustrates the familiar relationship between age of first accomplishment and career productivity within the SMPY sample, using accumulated STEM publications and citations from those publications as indicators. On its own, it is not particularly powerful, but in combination with the findings from the second phase based on this same sample, which show that grade skipping does indeed decrease the age of first accomplishment, the story becomes clearer. The critical piece of this puzzle, showing that the age of accomplishment mediates the effect on later productivity, is arguably still out of reach with observational data Zhao, Lynch, & Chen, 2010) , but the aggregate findings from all three phases of this study constitute some of the most compelling evidence of the effects of acceleration on adult productivity to date.
The final phase of the study is the first, to our knowledge, to study longitudinal effects of educational acceleration on subsequent STEM accomplishments as fine-grained as citations and citation indices of STEM researchers. Past research (Park et al., 2007 (Park et al., , 2008 Wai et al., 2010) used dichotomous outcomes to code whether individuals earned any STEM outcomes or none at all. These criteria are useful in a variety of contexts, but they cannot distinguish between active researchers and inactive researchers or, more importantly, active researchers and prolific researchers. The time-saving theory predicts that if two individuals follow the same career path in STEM, the accelerated participant will be more productive, ceteris paribus. To test this theory, indices like citation counts and the h-index are useful in distinguishing between levels of productivity among STEM researchers. Looking at research impact is an example of a general issue: Entering a career earlier, does it lead to greater impact?
Narrowing the scope of the analysis to only male participants, for greater clarity, shows a pattern consistent with this interpretation, as seen in the right column of Figure 5 . Restricting the comparisons to male participants is reasonable due to the diversity of the paths of the female participants, with many publishing early but later slowing down or transitioning out of research positions into administration or teaching or into entirely different fields or motherhood (Ceci & Williams, 2011; Ceci, Williams, & Barnett, 2009) . Career development of talented women seems to follow a different path than that of their male counterparts in many instances.
The results from this phase, summarized in Figure 5 , illustrate a pattern of increasing advantage as the cohorts increase in age, such that the grade skippers from the 1980 cohort have no observed advantage at age 42 years while the grade skippers from the 1972 cohort have a significant advantage at age 50 years. Two potential explanations for the observed differences in effect sizes, aside from chance alone, are (a) cohort differences in accelerative opportunities and (b) cumulative effects from grade skipping.
With respect to cohort effects, grade skipping was one of the few accelerative options for the 1972 cohort; the 1976 and especially the 1980 cohorts had many more accelerative opportunities available. The shrinking effect sizes between grade skippers and matched controls in progressively later cohorts may reflect the increased availability of alternative forms of acceleration, such as advanced placement (AP) courses, college courses in high school, summer programs, and research and writing opportunities (Wai et al., 2010) , which moderated the differences between the grade skippers and their matches. For example, in the 1972 cohort, the matched controls often reported no other accelerative opportunities, but the matched controls in the 1980 cohort experienced an average of approximately three other forms of acceleration (and on average, just one less opportunity than the grade skippers). In turn, the growth of alternative forms of acceleration over time may explain the progressively smaller effect of grade skipping on age of first STEM publication as well. The 1972 cohort grade skippers tended to author their first publication 3 years earlier than the controls, while the median age advantage in first publication among grade skippers in the 1980 cohort was only 0.3, or about 4 months. While the age of first publication of grade skippers was relatively constant across cohorts, the age of first publication by matched controls gradually decreased across cohorts. It could be that other accelerative opportunities used by the 1976 and 1980 cohorts were almost as effective in saving time as grade skipping. If the effect of grade skipping on these indices is mediated by its effect on age of first publication, then the observed differences across cohorts in Figure 5 are to be expected.
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A second explanation is that the grade skipping has small effects that accumulate over time. Assuming that the indices are relatively good "snapshots" of a similar pool of STEM researchers at ages 42, 46, and 50 years, then the gradual increase in the differences between grade skippers and matched controls is the result of the grade skipping advantage. If researchers publish at a relatively constant rate and citation counts grow at an exponential rate (proportional to the amount of publications), then small differences in the time of the first publication will result in gradually widening differences in citation counts as time passes. An idealized example of the process is illustrated in the Appendix Figure C2 using an exponential function to generate accumulated citations from an individual's publication count. The relationship between publications and citations will vary considerably across disciplines and individuals, but the key point is that for any given individual, a small amount of time saved could potentially translate into a large advantage later.
Limitations
A limitation of this study, and matching in general, is that the matching only matches on observed variables, leaving open the possibility that outcome differences between grade skippers and their matched controls were due to differences on unobserved variables and not grade skipping. For example, sensitivity analyses conducted on the effects in Phase 1 (shown in Figure 2 ) indicate that a small to moderate effect from an unobserved covariate would be sufficient to explain the higher incidence of these outcomes among grade skippers. One would expect that such unobserved covariates would increase (a) the propensity of grade skipping, (b) the likelihood of achieving the rare outcomes studied here, and (c) the age at which they are achieved. While the sets of baseline covariates used in the current study rule out some of the usual purported causal influences, this study cannot definitely rule out other plausible influences that reasonable investigators could posit; indeed, it is possible that unobserved variables are entirely responsible for the observed effects. Therefore, our findings are best thought of as highly suggestive.
Incorporating assessments of spatial ability (Wai et al., 2009 ), vocational interests (Su et al., 2009) , and changes in life priorities following the completion of formal education (Ferriman et al., 2009) would facilitate not only better matching but also the incorporation of a broader range of outcome measures. Similarly, while the 1976 and 1980 cohort matching included school type (public vs. private) as a covariate in the propensity score, more detailed information about participants' school types may improve comparisons, particularly among the roughly 20% in each cohort who were not enrolled in public schools.
Additionally, matching removed hundreds of observations, trading statistical power and precision for a reduction in bias, and this lead to greater uncertainty around the size of many effect estimates. Particularly for female participants in the latter two cohorts 8 Our positive findings for grade skipping should not be interpreted as if grade skipping is essential for the optimal development of mathematically precocious youth. Indeed, over time, many interventions have developed such that there are multiple ways to meet the needs of intellectually precocious youth, and some intervention modalities may be functionally equivalent (Wai et al., 2010) . Just as educational efficacy of an intervention may be compromised by not taking into account the individuality of the student body (Benbow & Stanley, 1996; Bleske-Rechek et al., 2004; Lubinski, 1996 Lubinski, , 2010 , innovative educational interventions may replace or be used interchangeably with preexisting procedures. The important thing is to treat all students as individuals, and tailor procedures with a keen awareness of the multidimensionality found in each student's individuality (Achter, Lubinski, & Benbow, 1996) .
(on both sample size and outcomes), this investigation was limited in its ability to address meaningfully the interactions between sex and grade skipping.
On the other hand, in the spirit of Tukey (1962) , it may be better to have a less precise estimate of the correct quantity than a very precise estimate of the wrong one. The imprecision around the effect estimates and the lack of traditional statistical hypothesis testing methods was countered in this study by replicating the broad findings from similar comparisons across three cohorts, following Lykken's (1968) recommendations on the chief importance of replication, relative to statistical significance testing, for evaluating substantive theories.
Another limitation is breadth of the high-accomplishment outcome criteria utilized in this study. Although there is evidence to suggest that mathematically precocious male and female participants achieve at commensurate rates in educational and occupational settings , there is also evidence to suggest that they do so in contrasting areas. Female participants are more likely to focus their creative and occupational energies on organic or life-centered domains, relative to male participants, whereas male participants in turn are more likely to focus on accomplishments in inorganic disciplines (Su et al., 2009) . Because there are multiple ways for mathematically precocious students to manifest exceptional accomplishments, outcome criteria should ideally cover a broad range, both inside and outside of STEM arenas. Reflecting on many frameworks in developmental theory, to adequately capture the lifespan accomplishments of intellectually precocious youth, heterogeneous outcome criteria are needed (Ceci & Williams, 2007; Ferriman et al., 2009; Geary, 2005; Halpern et al., 2007; Schmidt, 2011; Su et al., 2009) , otherwise the contributions of one or both sexes are likely to be underappreciated (cf. .
Finally, we should point out that grade skipping is but one example of a broader category of what has become known as appropriate developmental placement . That is, placing students in learning environments as a function of their readiness to educationally profit from them. Grade skipping is one of many ways to accomplish this for intellectually talented youth; many others exist (Colangelo, Assouline, & Gross, 2004) . This is important because although a strong point of the implemented design is its longitudinal time frame, which covers multiple decades, such protracted intervals always have the shortcoming that advances developed subsequent to Time 1 data collection are not initially assessed. There are many interventions that today would be considered complementary to grade skipping and, in some instances, even preferable (Benbow & Stanley, 1996) . Yet, like grade skipping, all of these interventions share a common property: the concept of appropriate developmental placement. This more general concept is what is being evaluated to facilitate subsequent accomplishments among intellectually talented youth at the time they were schooled, other things being equal.
Interventions, like assessments of individual differences attributes as well as outcome criteria in general, are best conceptualized as constructs (Cronbach, 1989) ; while the positive findings reported here do not dictate the implementation of this specific practice (without considering other interventions now readily available), they do suggest that the more general class of interventions from which grade skipping was drawn, namely, appropriate developmental placement, appears to have merit. This idea may be extended to other interventions evaluated in longitudinal research because the power of multiple-decade longitudinal designs is offset, to some extent, by the datedness of the Time 1 interventions initially assessed. However, by conceptualizing such longitudinal inquiry in the context of constructive replications (Lykken, 1968) , whereby interventions and criteria are being evaluated as indicators of constructs indicative of more general principles, focus returns to the underlying communality cutting across predictor/outcome relationships (cf. Wai et al., 2009) , and support for broader generalizations becomes possible.
Summary and Conclusion
Overall, the findings from this study are supportive both of the theory concerning the time-saving mechanism underlying the effects of grade skipping, as described during the peak of interest in acceleration almost 60 years ago (Paterson, 1957; Pressey, 1946b Pressey, , 1949 Terman, 1954) , and also of the more recent policy recommendations following earlier empirical support of acceleration (Benbow & Stanley, 1996; Colangelo, Assouline, & Gross, 2004; Stanley & Benbow, 1982) . Mathematically precocious students who grade skipped were more likely to pursue advanced degrees and secure STEM accomplishments, reached these outcomes earlier, and accrued more citations and highly cited publications in STEM fields than their matched and retained intellectual peers. Table A1 presents descriptions of items from questionnaires at the initial identification of participants. Tables B1, B2 , and B3 present means on baseline measures for all control participants, matched control participants, and grade skipping participants. Note. Means and proportions of 20 background variables measured at age 13 years across unmatched controls, propensity score matched controls, and accelerates in the 1980 cohort. Liking, doing well, and importance variables refer to items presented to participants at their initial identification.
Appendix A Baseline Item Descriptions
Appendix B
Means of Baseline Measures
(Appendices continue) Figure C1 displays each cohort's survivor functions, which were used to create the pooled survivor functions in Figure 3 . Figure C2 displays a hypothetical data generating mechanism to explain between cohort differences in grade skipping effects on citation indices. Figure C1 . Inverted Kaplan-Meier estimates of survivor functions for four outcomes within each of the three cohorts. Vertical line segments indicate the median age (in years) of event occurrence for all reaching the event in each group. Horizontal line segments indicate bootstrapped 95% confidence intervals for the medians. STEM ϭ science, technology, engineering, and mathematics; PhD ϭ doctor of philosophy.
Appendix C Additional Figures
(Appendices continue) Figure C2 . A hypothetical example of a small effect in initial starting points resulting in large differences in midcareer. The top panel shows the cumulative publications of the same individual, publishing one article per year, under three possible starting ages (24, 25, and 26 years). The middle panel shows their cumulative citations, where citations at age t ϭ (5)(articles t ) ϩ 1.3 articles t , and articles t is the total number of published articles accumulated by age t. The bottom panel shows the slowly accumulated advantage in citation counts, granted by grade skipping, compared to no skipping at all. Tables D1, D2 and D3 present means on baseline measures for all controls and grade skipping participants prior to missing data  imputation, and Tables D4, D5 , and D6 present the number of observations and percentage of total observations missing on each of the baseline measures prior to missing data imputation. Note. Means and proportions of 14 background variables measured at age 13 years across controls and grade skippers prior to missing data imputation. Liking, doing well, and importance variables refer to items presented to participants at their initial identification. Note. Means and proportions of 21 background variables measured at age 13 years across controls and grade skippers prior to missing data imputation. Liking, doing well, and importance variables refer to items presented to participants at their initial identification.
(Appendices continue)
Appendix D Pre-Imputation Means and Missingness of Baseline Measures
(Appendices continue) Note. Means and proportions of 20 background variables measured at age 13 years across controls and grade skippers prior to missing data imputation. Liking, doing well, and importance variables refer to items presented to participants at their initial identification. (Appendices continue)
